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Abstract 
CORGI is an autonomous vision guided mobile robot that is designed . to retrieve tennis balls. The behaviour 
generation method and vision system for the robot are both constructed using biologically inspired artificial neurons. 
A minimalist connectionist structure generates robot behaviour that takes advantage of the robot's interaction with 
its environment. The paper shows that such structures may be used to generate a variety of behaviours and combined 
to form emergent behaviour. The vision system recognises tennis balls and interfaces with the behaviour system 
through a subsymbolic interface. This system is trained rather than programmed, making the system applicable to a 
wide variety of vision tasks. It operates at 30Hz on a low cost microcontroller (the Motorola 68HC16) producing a 
realctime response to visual cues. The paper discusses the robot's implementation and focuses on issues in training 
the vision system. 
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1 Introduction 

Mobile robots that use classical planning methods tend to 
be slow and awkward when navigating through a complex 
environment, mostly due to the time required for the robot 
to process the environmental information and plan new 
action. The advent of behaviour based robotics ([7] 
presents several systems) has simplified the processing 
requirements to a level that allows a robot to react rapidly 
and robustly to changes in the environment, but the ability 
of th~ robots to deal with complex sensory input, such as 
vision; is limited. 

This paper demonstrates how inspiration from natural 
information processing systems created a system that 
combines the rapid response of behaviour based robotics 
with the sensory power of a machine vision system. The 
decision to use simulated biological elements to perform 
the intelligent processing of sensory data will be shown to 
provide significant advantages in the design of the mobile 
robot investigated. It is easy to speculate that this stems 
from the anthropomorphic tasks expected of a mobile 
robot: what better processor for an anthropomorphic body 
than an anthropomorphic brain? 

Behaviour based robots derive their success by having 
brains and body in close unison. The designers have gone 
back to nature for inspiration and found some important 
missing ingredients in intelligent robot design, namely: 

• close integration between sensors and actuators, 
• parallel behaviours that compete for attention 

depending on current demands, and 
• constant attention to the environment to account for 

dynamic events or sensor misalignment. 
The components used in behaviour based robot brains 
ensure that these ingredients will be present in the robot, 
but present limitations in other ways. In particular, 
designing a vision system to work with these components 
is time consuming and the systems are computationally 
complex requiring extra processing power to make the 
algorithms work (for example [3], [6]). 

CORGI, the robotic dog discussed in this paper, uses 
components inspired from nature in its brain. These 
components are artificial neurons connected to make an 
Artificial Neural Network (ANN). Artificial neurons are 
capable of providing the same essential ingredients for the 
robot's behaviour that are provided by the building blocks 
of behaviour based robot brains. This will be shown in 
Section 2. A robot that uses an ANN for a brain has some 
advantages also. 

• ANNs are well documented for their ability with 
pattern recognition from visual or auditory cues. 

• Much of the research related to ANNs concerns their 
ability to evolve and learn. A robot that can learn 
complex tasks is clearly useful. 

• The computation required for an artificial neuron is 
trivial, and easily simulated on a microprocessor. 

This paper shows how sensory information may be readily 
mapped into action using components from ANN research. 
Braitenberg proposed some imaginary robots that have 
come to be known as Braitenberg vehicles. His book [2] is 
based on his studies as a neuroanatomist, and explores the 
behaviour of intelligent vehicles situated in a toy world. 
These vehicles gain their intelligence from the structures 
that Braitenberg observed as a neuroanatomist, and he 
describes these structures as simplified neurons. The paper 
will show how these structures may be hand connected to 
produce the same type of sensor I actuator integration 
found in behaviour based robotics. 

This paper will then show how a simple vision system may 
be created for the "front-end" of a Braitenberg vehicle. 
This vision system is created by training an ANN to 
recognise objects in certain parts of the visual field. A 
system that has been trained to recognise tennis balls has 
been implemented using CORGI. The paper gives details 
of the implementation of CORGI and how the visual ANN 
was created. The development of the visual ANN was 
guided by two principles, namely: 
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1. That the method be readily adapted from one 
application to the next. This is achieved by using the 
l~ing properties of neural networks. 

2. That the algorithm be readily implementable to run in 
real-time on an off-the-shelf, low cost microcontroller 
that can perform many of the other tasks required to 
control a mobile robot. 

2 Neurons for Behaviours 

The structures that are described here are for simple 
creatures with simple sensors and simple requirements for 
behaviour generation. These ideas form the basis for a 
more complex system of behaviour generation that are 
beyond the scope of this paper. The structures presented 
are used in CORGI at present. They are based on 
Braitenberg vehicles. 

In his book [2), Braitenberg starts out by describing a set 
of machines that can display apparently complex 
behaviours based upon simple connectivity. Four of the 
primitive vehicles are shown in Figure 1. These vehicles 
can demonstrate four basic behaviours towards lights; 
Love, Hate, Curiosity and Cowardice. 

Each machine has simple sensors that detect light and these 
sensors are connected to motors that drive the vehicle. The 
connections may be crossed (Hate and Curiosity) or 
uncrossed (Cowardice and Love), and they may be excitory 
(Hate and Cowardice) or inhibitory (Love and Curiosity). 
The st~ength of the connections controls how strongly the 
vehicle reacts. The Love vehicle, for example, uses the 
sensor$ to drive the motors in an inverse fashion; more 
light makes the motor move slower. This makes the vehicle 
move around in the dark until it encounters a light. When it 
sees a light with either eye, it will turn the vehicle towards 
the light (since the wheel closest will slow) and approach 
the light until such time as the intensity of light is strong 

Cowardice 

enough to totally stop the motors. It will then sit 'adoring' 
the light. 

Figure 2. A vehicle that combines behaviours with a set of 
priorities. 

Braitenberg then shows that more complex vehicles can be 
made that react differently to different events. The reader 
can see for instance that the vehicle in Figure 2 loves green 
lights, attacks red lights and runs away from blue lights. 
Furthermore, the robot has a set of priorities. The 
over-riding desire is to run away from blue lights. This is 
achieved by giving the blue sensors stronger connection 
weights than the others. Its second highest priority is to 
smash red lights, and finally, if there is nothing else going, 
the vehicle will find a green light to adore. 

The Braitenberg model is attractive not only in its 
simplicity but also in its biological plausibility from a 
physical perspective. Most creatures have symmetrical 
bodies, with actuators (legs, fins, wings) in pairs on either 
side of the body and sensors (eyes, ears, nostrils) in pairs 
on either side also. Most creatures move their sensors with 
their body, particularly with the head -- the part of the 

FigUre 1. The four basic Braitenberg vehicles can demonstrate useful behaviour from very simple connection 
schemes. 
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body that is most essential to accurately control for 
feeding. Issues of hand-eye coordination are found only in 
highly • evolved animals, and require a more complex 
model. The benefits to be gained from an appropriate 
physical implementation should not be overlooked. 

Building hand-wired connectionists structures to control 
simple• robots is nothing new. Waiter implemented a robot 
based on simple connections that could perform obstacle 
avoidance and phototaxis with only a single light sensor, a 
bump sensor and two simple drive circuits [11]. More 
recently, Beer et. al have implemented a neural control 
system based on the nervous system of the American 
cockroach [1]. Braitenberg's approach, that we have 
adopted, provides at least some methodology in the design 
of neural control structures (that is lacking in the ad-hoc 
structures of Waiter) and does not rely on detailed 
knowledge of a related biological system (as does Beer). 
This approach should therefore be applicable to a broader 
range of problems. 

The connectionist structures proposed here also lend 
themselves to the many learning algorithms available for 
neural :networks. Autonomous robot learning is a growing 
field of research (see [4] for an overview) with much 
attention paid to systems that can learn for themselves. 
While this work is undoubtedly of value in the research of 
the principles of cognition, it does not readily apply to the 
efficient construction of robots. We are investigating a 
process of behaviour training, where the robot is taught 
behaviours by a supervisor rather than being asked to 
detenriine those behaviours by itself. Preliminary results of 
this work are· outside the scope of this paper, but are 
presented in [13]. 

3 Creating a Vision System 

The behaviour of Braitenberg vehicles is determined by 
their s~nsor input. The vehicles described in the previous 
section use simple sensors and operate in a world where 
every stimulus triggers a single type of sensor. In the very 
pnmiti_ve animals this may have been the case; one sensor 
for detiecting warmth, another detecting light and another 
the chemical gradients that would indicate the probable 
presence of food. This is patently not the case in more 
complex animals. For instance, even simple insects have 
vision • systems that are able to distinguish the difference 
between a potential mate and a predator. This section 
describes how artificial neurons can be used to combine the 
input of an array of similar sensors into a recognition 
system suitable for input to a Braitenberg styled behaviour 
selection mechanism. 

3.1 aiological Inspiration 

Biological vision systems use neurons in two ways. The 
first use is comparatively well understood. Neurons 
conneCted directly to the retinal cells can perform useful 
preprocessing tasks such as edge detection. Mead [8] has 
used artificial neurons to achieve similar results with his 
"silicon retina". Secondly the neurons combine this 
preprocessed information to form maps of the current 
scene. This process is not clear as it is hard to define what 
the output of such a system might be. We propose a 
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scenario where perceived objects are represented by a set of 
"grandmother units", so~called from the example where it 
is proposed that somewhere in the cortex there exists a 
neuron that has the sole function of recognising 
grandmother. This model lacks biological plausibility 
when brain damage data is taken into account; brain 
damaged patients tend to lose general memory performance 
rather than individual memories. Nevertheless, this model 
presents an excellent basis for robot design. 

In our model, the output of the network has two units: 
"object on the right of me" and "object on the left of me". 
For each type of object that is to be detected there is a new 
network, and a new pair of outputs. Each pair of outputs 
can then be used as input to the Braitenberg control system 
in the same that the many colours were used in the example 
shown in Figure 2. An example of a robot that chases 
tennis balls and avoids obstacles is shown in Figure 3. 
When the robot sees a tennis ball it will chase after it using 
the crossed excitory connections from the tennis ball 
network. In the absence of a tennis ball, the robot will 
wander slowing down in the presence of obstacles as it 
turns back to free space. 

Input image 

Figure 3. A simple example showing how the outputs of a 
vision system can be defined if we use the Braitenberg 
paradigm for control. 

3.2 Trained Neural Networks 

The model chosen for our vision system allows generation 
of the network by supervised learning. This means that we 
can pair sample input images with a desired output as the 
basis of a training scheme for the vision system. Such a 
system can be readily provided by many of the neural net 
training and construction algorithms developed over the 
last few years. The best established of these is the 
back-propagation algorithm which can be used for 
supervised training of multilayer feedforward networks. 

The back-propagation algorithm requires the designer to 
specify the architecture of the network, which is usually 
arranged in a layered fashion so that the input layer is fully 
connected to a layer of units, which may in turn be 
connected to another layer of units or to the output units. 
The layers of units between the input and output layers are 
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termed hidden units, implying that if you look at the ANN 
as a biack box, you will only see the input and output 
layers :and not the layers in between. These hidden units 
effectively operate as preprocessors of the input data. The 
back-propagation algorithm is well documented [5] and 
has be:en successfully used for visual recognition tasks. 
Details of the algorithm as used with CORGI are supplied 
in the next section. 

There are two distinct approaches to achieving visual 
recognition using ANNs: those that preprocess, and those 
that do not preprocess. There are many examples of 
systems that use preprocessing and the variations are 
endless. Such a system is characterised by the use of a 
specific transform that either reduces the dimensionality of 
the data or highlights the presence of relevant features in 
the image. NEURO-NA V is an example of such a system 
in mobile robot context, as described in [9]. The robot uses 
neural networks for real time navigation of a mobile robot, 
through real environments. NEURO-NA V is designed to 
operate in a system of corridors and junctions, and accept 
commands such as "proceed to the next junction and turn 
left". Neural networks are used to perform hallway 
following and landmark detection. To look in a little detail 
at one of these systems, consider the hallway navigation 
network. It has a 64 x 60 pixel greyscale image as input, 
that is preprocessed through an edge detection module and 
a Hough mapping. This serves to greatly emphasise the 
join between walls and floor along the perspective view of 
a corridor. A neural network with over 1500 connections 
was trhlned on 72 examples (a result that indicates that 
many of the connections were redundant). The resulting 
netwoik produced 86% correct steering angles, 10% 
margirjally incorrect steering angles and rejected the 
remairung 4% of the unseen test images. It takes 2 seconds 
to gen~rate a steering angle from an image, using a 16 
MIPS processor. 

The last result is typical of any system that uses a large 
amount of preprocessing. Without dedicated vision 
hardware, useful preprocessing of images tends to be the 
time performance bottleneck of a visual system. Also, the 
system and algorithms that have been developed are 
specific to navigation in an indoor environment. Domain 
specifit visual preprocessing limits the generality of the 
approaCh. 

Clearly a system with less preprocessing will compute 
faster than a more complex system if we use conventional 
hardware. In the spirit of maintaining the minimalist 
approach we have with the control system, we perform no 
preprocessing on the images used for visual recognition. 
The network is given the raw input and asked to perform 
its own preprocessing. This approach improves 
computability and enhances the generic nature of the 
approaph. 

This i~ the same approach adopted in the AL VINN system 
[ 10] used for guiding outdoor vehicles on a variety of 
different road surfaces. This system uses a 30 x 32 pixel 
map all input, with the only some balance of chrominance 
information for preprocessing. The AL VINN learns to 
steer a:vehicle by pairing captured images with the steering 
angles ;generated by a human driver. These input I output 
pairs are used as the training data for the backpropagation 
algoritJtm. After five minutes of "watching" the human 
driver,, the AL VINN system can take over and drive the 
vehicle. AL ViNN though is notably different to the model 

proposed in Figure 3. Firstly AL VINN is trained to 
perform both perception and control, which we explicitly 
separate. One benefit of this modularity is that the 
computationally complex training of the perception 
network may be performed off-board the robot, and then 
used with different control structures to achieve different 
behaviours. For example, a perception network that has 
been trained to recognise grassy regions can be used to 
keep the lawn-mowing robot on the grass, and then used to 
keep the path sweeping robot off the grass with only a 
small change to the control system. Secondly, the 
modularity presents the opportunity to train perception 
modules (using off-board computation) that can then be 
used as input for a behaviour control system that is trained 
using on-board computation. This presents a logical 
division of labour as the perception network has many tens 
of thousands of parameters to train, while the control 
systems we propose would certainly have less than fifty 
parameters. 

4 CORGI: The Hardware 
Implementation 

CORGI is intended to demonstrate that the schemes 
described above are viable for producing a state-of-the-art 
vision guided mobile robot. The design objectives include 
having a robot that can perform in real time (interpreted to 
mean human-like reaction times) and be constructed at low 
cost from off-the-shelf components. The intended task for 
CORGI is to play "fetch" with tennis balls about the 
laboratory. That is, it should seek out tennis balls lying 
about the room and return them to some home location. 

4.1 Processor Choice 

CORGI's processor board is based on Motorola's 
MC68HC16Zl microprocessor. Apart from the desire to 
reduce costs, the choice of processor was determined by 
two criteria. Firstly, the processor had to be designed to 
perform the weighted sum computation at the heart of any 
neural method. This function is to be found in a variety of 
low cost Digital Signal Processing (DSP) chips, and is 
implemented in the 68HC16 with the RMAC instruction 
which calculates a signed 35 bit sum of products of 16 bit 
quantities (within the processor's 1 Mb address range). 
This instruction performs 1.3 million "multiply and 
accumulates" per second, which corresponds to 1.3 million 
connections per second. The second criterion was that the 
processor should be part of a microcontroller package, so 
that the overheads involved in attaching peripherals would 
be minimised. The 68HC16 provides many features for the 
robot designer including timers, analog to digital 
conversion, digital to analog conversion, a flexible 
peripheral select system, an asynchronous serial interface 
and a high speed serial interface. The high speed serial 
interface communicates with a PC-based debugging 
environment which allows source level debugging of the C 
language and assembler code used to program CORGI. 

The processor was purchased on Motorola's evaluation 
board, which is housed in CORGI. The evaluation board 
has the debugging port and serial port already attached as 
well as the basics required to make the processor run, 
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including 64k of program memory and 64k of data 
memory. 

; 

Since design time other strong candidates have appeared 
that would outperform the 68HC16. The SuperH series by 
Hitachi (in particular, the SH7302) offers an order of 
magnitude improvement in DSP performance (leading to 
greater neural network performance), larger memory space 
and an: extended range of peripherals. This part is available 
for around the same cost as the MC68HC16. 

4.2 Video 

At the time of design the camera that can be seen mounted 
on CORGI's head (in Figure 4) was about the only 
reasonably priced black and white CCD camera available. 
Since then sub-miniature cameras, a quarter the size and 
weight have become available at about a third of the 
original unit's price. The unit used is a standard black and 
white ~;amera delivering video at a 50 Hz field rate. It is 
fitted with a wide angle lens to give a 90 degree field of 
view. 

CORGI's frame grabber uses a chip set from Brooktree and 
a programmable logic device to sub-sample the image from 
the camera. The image is sampled at 64 x 64 pixels, 
creating 4096 8 bit values to be interfaced to the 68HC16. 
Some ~ypical images are shown in Figure 4. To avoid 
conflict between image being written by the video sampler 
and the image being read by the processor, the video RAM 
buffer • is stored in two banks, which are switched as 
alternate fields are read. This means that the processor has 
contin\}ous access to video that is only 20 ms old. The 
RAM jbuffer is stored in the processor's memory space 
enabling direct access to the image. Details of this frame 
grabber design are given in [12]. 

(a) 

(c) 

Figure 4. Typical images from the on~board camera. These 
are images from the actual training set. (a) No ball. (b) Ball 
on the ~eft. (c) Ball on the right. (d) Ball on the centre. 

A usefi,d feature of the frame grabber is that it can vary the 
method of subsampling, so that the 64 x 64 pixels can 
represent a sample of the whole field of view by sampling 
at one quarter of the video rate, or can be used to zoom in 
on areas of interest by sampling at half the video rate, or at 
the video rate. When sampling at higher frequencies, the 
grabber can be programmed to pan to any area of interest 
on the screen. This means that the camera can effectively 
pan an~ zoom without any mechanical movement. 
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4.3 Mechanical Design 

CORGI's mechanical layout was determined by a number 
of factors. The circuit boards (sized to be compatible with 
the 68HC16 evaluation board) were stacked on a tray, 
along with a battery, behind the two drive wheels. The 
wheels are driven by two geared down motors designed to 
move CORGI along at walking speed (0.8 m/s). The 
motors are arranged in the wheelchair arrangement, like the 
Braitenberg vehicles described earlier. The manipulator 
and camera sits atop the drive wheels. The gripper requires 
2 degrees of freedom to be able to operate in the space in 
front of CORGI's body. The gripper also needs the ability 
to open and shut on command. In order for the Braitenberg 
method of controlling the manipulator to work, the camera 
had to be mounted on top of the gripper. The eventual 
shape of the gripper with the camera on top, and the long, 
low-slung body behind is reminiscent of a small dog, hence 
the name CORGI. A photograph of CORGI is shown in 
FigureS. 

Figure 5. A photograph of CORGI in a typical laboratory 
setting. 

4.4 Peripherals 

CORGI requires some electronics not provided on the 
frame grabber or evaluation board. The various motors in 
the gripper all need power amplifiers to be controlled from 
the 68HC16. Also, due to the number of motors to be 
controlled it was necessary to implement some additional 
digital to analog channels. It was envisaged that CORGI 
would rapidly outgrow its current memory so an additional 
256k of RAM were added. A keypad and LCD screen were 
added to provide controls when CORGI was away from the 
PC. A joystick port was provided to enable manual 
operation of the robot. Finally a power management system 
was added including a smart charger for the onboard 
battery. 

4.5 Operating System 

In order to assist development of the software for CORGI, 
a small operating system was written. This pre-emptive 
multitasking operating system has some useful real-time 
features for the development of control code, as well as 
performing J/0 management and providing a transparent 
interface to the frame grabber. 
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5 CORGI: Developing a Tennis Ball 
Chaser 

Ultimately it is hoped that CORGI will use a group of 
ANN's to recognise the necessary features of its 
environment it requires to operate effectively. In particular 
CORGI will be required to recognise tennis balls to pick 
up, obstacles to avoid and the home base to which the balls 
are to be returned. To date, the first of these ANNs (the 
network to recognise tennis balls) has been successfully 
trained, although ongoing work seeks to improve its 
recognition performance. This ANN can be used to make a 
tennis ball chaser by using the connectivity shown in 
Figure 6. The input images form 4096 point input vectors 
that the ANN learns to associate with one of four 
categories: to the left (L), to the right (R), in the centre of 
the image (C), or not in the image (N). These categories 
form the four output units of the ANN. The output units 
are connected, Braitenberg style, to two units that represent 
the motors. The L and R units are connected using the 
crossed excitory Hate connections, while the C unit is used 
to drive the robot forward quickly and the N unit halts the 
robot. For the purposes of developing a tennis ball chaser, 
these units can only drive the motors forward. A large 
activation causes the motor to go fast, a low activation 
causes the motor to slow (as with the Braitenberg 
vehicles). 

64x64 pixel 

input image 

Figure 6. The architecture used for CORGI's tennis ball 
chasing behaviour. 

The development of CORGI's tennis ball chasing 
behaviour was achieved in three parts. Firstly, data 
consisting of images of tennis balls in typical positions 
around the lab were required to build the training sets for 
CORGI's vision neural network. Secondly, the data was 
used to train a neural network that can recognise the 
position of the tennis ball within the visual field. Thirdly, 
the neural network was implemented to run in real time on 
CORGI's on-board processor and connected to the control 
network. Each of these steps will now be described in 
detail. 

5.1 Data Gathering 

The training data required to train CORGI is gathered by 
transmitting images from the robot via the serial port to a 
PC. The PC runs software that displays this data on the PC 
monitor, and automatically stores it on the hard disk for 
later analysis and retrieval. A typical data gathering session 
takes about twenty minutes. The data was gathered on a 
large plain table top. The robot is driven about the table top 
with the tennis ball at some point while the PC logs 50 
images. Then the ball is moved and another 50 images are 
logged. These are then manually "tagged" on the PC to 
indicate that the ball was in one of four categories: to the 
left, to the right, in the centre of the image, or not in the 
image. A sample of each category from the training set is 
shown in Figure 4. The tagging software then evens up the 
number of images in each category by duplicating some of 
the images in categories with less examples. Even numbers 
ensure that the network does not become biased towards a 
particular category. Finally the software sorts the images to 
ensure that the neural network is trained with one image 
from each category in turn. This is to ensure that the 
network does not "forget" about other categories by being 
overexposed to a single category for a period of time. 

5.2 Training 

For the following experiments a set of 1724 images were 
generated in the manner described above. 346 of these 
images were set aside for testing purposes, leaving 1378 
images for training. These images were used as input 
vectors for training using the backpropagation algorithm. 
A full description of the algorithm and its derivation can be 
found in [5). A summary of the algorithm as used for 
CORGI is given here. 

The back-propagation algorithm operates on multilayer 
perceptrons. The network is arranged in layers; an input 
layer, possibly several hidden layers and an output layer. 
The network used by CORGI has only a single hidden 
layer making three layers in total. Each layer is fully 
connected to the adjacent layers by weights. The weights 
are initialised to small random values at the beginning of 
the training session. The random values are derived from a 
user specified seed, and are scaled to a user specified range. 

---+ 
The training cycle starts by applying a training pattern, ~ , 

~ 
to the input layer, vo. That is, 

V2 = ~.t. for all k. (1) 

The signal is propagated to the hidden layer using 

V}= g(:E Wj.tV2), for allj, (2) 
k 

and then similarly to the output layer using 

Vt = g(:E wq V}), for all i; (3) 
j 

where g(x) is the sigmoid function, 

g(x) = 1 I Jh • (4) +e-
The sigmoid scale factor, p, is a parameter for the hidden 
units, and fixed to 1 for the output units. The activation of 

---+ 
the output layer, V2, is then compared to the desired 
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output, C:. for the given input pattern. An error signal,~. 
is then generated using 

St = g'(ht)[l;; - Vt] (5) 
for back-propagation to the previous layers and for the 
weight update. The error for the hidden layer is calculated 
by 

(6) 

which is used for the input to hidden weight update. The 
weights are updated by the rules 

~wv(t) = T(litV} (7) 

Wv(t+ 1) = Wv(t) + ~Wij(t) + a.Awv(t -1) (8) 
for the hidden to output weights, and similarly 

AWjk(t) = 118} V2 (9) 

Wjk(t + 1) = Wjk(t)+~Wjk(t) + ~Wjk(t -1) (10) 

for the input to hidden weights. The constant T( is the 
learning rate, and a. is the momentum constant. The list of 
parameters that are adjustable for a training session 
include: 

• the learning rate, TJ, 
• the momentum constant, a., 
• the sigmoid constant for the hidden layer, ~. 
• the number of hidden units, 
• the random seed for randomising weights, and 
• the limit of magnitude for the randomised weights. 

Correct selection for these parameters is important for the 
convergence of the training procedure, and the subsequent 
performance of the trained network. The following 
experiments show the effects of modifying some of these 
parameters. 

The backpropagation algorithm was run using the Aspirin I 
MIGRAINES software running on a multiprocessor 
SPARC. Initial results using a variety of parameters 
(differ~nt learning rates and network architectures) proved 
entirely unsatisfactory. Two important factors required 
changing before useful results could be obtained. Firstly, 
the code generated by the Aspirin compiler uses a lookup 
table to generate the sigmoid function required as the 
non-linear transfer function of each neuron. This created a 
problem where the steps between lookup table entries were 
too coarse for suitable convergence. This was solved by 
replacing the ·lookup table with a function using the 
floating point calculations, slower but with the necessary 
precision. Secondly, it was found that, due to the large 
fan-in of the units connected to the input layer (4096 
inputs), units were often being saturated which made the 
back-propagation algorithm ineffective. Providing a 
scaling factor(~) to compensate for the large fan-in proved 
helpful as the following results will show. 

The following sections describe the results of various 
training experiments. The object of the experiments was to 
detemiine values for some of the key parameters for this 
problem: learning rate, number of hidden units and the 
fan-in, scale factor. Each training session was run for 
300,000 iterations, with the state of the network being 
saved • every 10,000 iterations for the first 100,000 
iterations, then every 50,000 iterations after that. All 
experiments were run with a 0.95 momentum term. The 
percentage correct terms on the graphs refer to the 
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network's performance on 346 images that were not used to 
train the network, but were gathered at the same time as the 
training data. The network performance on the training 
data in most cases converged in the region of 97-100% 
correct. A classification was defined as correct if the 
appropriate unit had an output greater than 0.5, and all 
others had an activation less than 0.5. 

Back-propagation is a gradient descent method of 
minimising error. At each iteration, the algorithm looks at 
the local gradient of the error surface in weight space. 
Based on that local gradient, the algorithm takes a step in 
the direction of maximum descent, hopefully moving to a 
point with lower error. The size of that step is determined 
by the learning rate, TJ. Typically this parameter is set at a 
value that gives a reasonable rate of convergence, while 
ensuring that the step is not so large that the local gradient 
becomes a bad estimate of the actual gradient. An initial 
experiment sought to find a reasonable learning rate for 
this application. A scale factor of 16 was applied to each of 
the 5 units in the hidden layer for this experiment. Figure 
7 shows the results of the experiment. As expected low 
learning rates converged very slowly, and large learning 
rates converged in an unstable manner. A value of 0.05 was 
chosen for later experiments. 

The second experiment looked at the effect of increasing 
the number of hidden units. The number of hidden units 
affects the classification "power" of a network. More 
hidden units allow the unit to more accurately represent the 
desired relationship between input and output. Additional 
layers of hidden units allow the network to represent more 
complex relationships. One trade off here is that when the 
number of hidden units rises, the computation required to 
simulate the network also increases. Increasing the number 
of hidden units may decrease the ability of the network to 
generalise for unseen examples. Figure 8 shows that 
increasing the number of hidden units did not improve the 
performance of the network. Given that the network with 5 
hidden units requires one quarter of the computational 
power of the 20 unit network, the smallest of the networks 
was chosen. Training required about 45 minutes for the 5 
unit network and 3 hours for the 20 unit network. 

The next experiment evaluated the effect of the scale factor 
on the hidden units. Most network designers keep the 
sigmoid scale factor,~. set to unity. However, it was found 
that this network architecture, with its large number of 
input units, quickly moved the hidden unit activation to a 
point where it was saturating the sigmoid squashing 
function. By introducing a higher value for ~. performance 
was improved. 

As indicated by Figure 9, the network converged poorly 
for low scale factor values. In fact, a result not shown is for 
the network with no scale factor. Without any scaling, the 
network failed to classify a single image from the testing 
set. Above a scale factor of 8 the network performance 
appears to degrade slightly, indicating that 8 is a good 
scaling factor for this problem. Note that powers of 2 were 
chosen for the scale factors to simplify implementation 
(see next section). 

The best result of these networks was a 5 hidden unit 
network with a scale factor of 8, trained with a learning 
rate of 0.05. This network gave a peak testing set 
performance of 86.9% and a training set performance of 
99.3%. The weights were then dumped from this network 
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Figure 7. Graph showing the convergence of the network for a variety of learning rates. These results were 
obtained with 5 hidden units, a 0.95 momentum term, a scale factor of 16 (see text) and initial weight sizes 
between+/- 0.05. 
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Figure 8. Graph showing the convergence of the network for a varying number of hidden units. These results were 
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for use on CORGI's onboard processor. 

5.3 Implementation on CORGI 

The weights from the training process are downloaded to 
CORGI using the serial communications port. Software on 
the PC converts the floating point data from the Aspirin I 
MIGRAINES software to a 16 bit integer format. 
Resolution issues that are important in training the network 
are not as significant when operating the network. Using 
some assembly level code in critical sections, CORGI can 
evaluate 30 fields per second and use that information to 
drive the wheels using the crossed excitory connections 
that causes CORGI to approach the tennis ball. Most of the 
time is spent in the RMAC instruction as it calculates the 
activation of the 5 hidden units, which is 20480 
multiplications and additions. The scaling factor is 
implemented as a simple "shift right" instruction as the 
scaling factor is a power of 2. The non-linear sigmoid 
function is determined using an 8 bit lookup table, which is 
downloaded from the PC with the connection weights. 

With this network in place the robot was able to chase a 
ball across a table surface, balancing the ball on its "nose" 
as it pushed it across the table. The robot could track the 
ball as long it remained in sight. The usual cause for the 
tracking to stop would be when the ball either rolled under 
the head or bounced too far in front of the robot. Without 
the stimulus of the ball the robot would come to a halt. The 
ball would still be tracked when it was carried by hand, 
showing that the vision network was capable of dealing 
with a degree of noise in the images (in this case the hand 
of the experimenter). This is the kind of behaviour that was 
hoped 'for, and shows the applicability of the vision and 
control system when used within the training environment. 

Problems began for the system when it was removed from 
its initial training environment and tested on other 
surfaces. When placed on a patterned linoleum floor which 
reflected overhead lights, the output of the vision network 
became unusable. For 300 patterns tested in this 
enviroi:unent, only 4% produced a correct result using the 
network that was trained on the table. The focus of current 
work i$ to investigate systems that maintain performance in 
changipg environments. 

6 Current Investigation 

It is hoped that some improvement on the generalisation 
ability of the robot can be achieved, and this is the current 
area of investigation. The problem is being approached by 
developing a larger training set of images that have more 
structured noise. A set of 8000 images from the linoleum 
floor described above are providing promising results. In 
addition, some experiments are being conducted with 
equalisation and normalisation schemes to maintain image 
brightiiess and contrast levels across varying lighting 
conditions. Experiments have also started with the obstacle 
detection network using the data gathered above. Early 
results: show good detection performance and 
generalisation ability. 

With the finalisation of these two networks, results can be 
obtain~ for the performance of the robot with two 
competing behaviours: ball finding and obstacle avoidance. 
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This will involve modification of the control system. We 
are currently investigating the performance of the 
modified control systems in simulation. Results of this 
work and extensions of the systems proposed in Section 2 
(including on-line training of behaviour) are available in 
[13]. 

The development of real world robots will be the ultimate 
test of the techniques presented here. The current 
implementation is a long way from a robot that would be 
useful around a tennis court; issues in ball collection 
hardware and long range vision would need to be 
addressed. The generic nature of the architecture lends 
itself to potential applications outside the traditional 
domain of the robot. The use of vision as the primary sense 
allows the robot to work at tasks in highly unstructured 
environments where humans have been required 
previously. The reactive nature of the control system 
provides robust control in dynamic environments. 
Examples of dirty, dull and dangerous jobs that could be 
performed by this style of robot include: 

• Garbage recycling, where humans are currently 
required to sort the recyclables into the suitable 
recycling categories. A trained vision system based 
on a manipulator mounted camera could recognise the 
relative location of desirable (or undesirable) objects 
and guide a manipulator to them using Braitenberg's 
hate connections. 

• Litter collection in streets and parks. If the vision 
system could be trained for litter and a well 
generalised obstacle avoidance sensor trained, then a 
control system similar to that shown in Figure 3 could 
provide a litter collection behaviour. As this paper 
has shown the computation of both vision and control 
could be performed on a low cost processor. 

• House cleaning requiring knowledge of what to pick 
up off the floor and what to leave. A trained vision 
system of this nature could pick up off the floor to 
make way for your automatic vacuum cleaner and 
floor polisher! 
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